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  Genome sequencing 
◦  Conventional 

◦  Metagenomics 

◦  Single Cell 

  De Bruijn graphs and SPAdes 

  Results on E. coli and an uncultivated marine genome 
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Multiple (Unsequenced) Genome Copies 

Reads 

Sequenced Genome 
…GGCATGCGTCAGAAACTATCATAGCTAGATCGTACGTAGCC… 

Read Generation 

Fragment Assembly 
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gene 1           gene 2                     gene 3 

  Traditional microbial genome sequencing requires isolating a pure 
strain and reproducing it in a ‘culture’ under controlled laboratory 
conditions. But >99% of bacteria cannot be cultured. 

  Metagenomics enables studies of organisms not easily cultured in a 
laboratory.  It uses collective sequencing of non-identical cells. 

  Until recently, metagenomics was the only option for studies of 
microbial communities. However, metagenomics provides 
information about only a few genes (across many species).    
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1000s of genes sequenced from a single cell  

  Traditional microbial genome sequencing requires isolating a pure 
strain and reproducing it in a ‘culture’ under controlled laboratory 
conditions. But >99% of bacteria cannot be cultured. 

  Metagenomics enables studies of organisms not easily cultured in a 
laboratory.  It uses collective sequencing of non-identical cells. 

  Single Cell Bacterial Genomics: Complementing gene-centric 
metagenomics data with whole-genome assembly of uncultivated 
organisms.  



F.B. Dean, J.R. Nelson, T.L. Giesler, R.S. Lasken (2001). Genome Res. 11:1095-9 
F.B. Dean, S. Hosono, L. Fang, et al. (2002). PNAS 99:5261-6 
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Genomic DNA 

1. Random hexamer primers 
2. Phi29 DNA polymerase Strand 
displacing  
3. Isothermal reaction (30°C) 

  Roger Lasken’s lab developed Multiple Displacement Amplification (MDA). 
  More effective than PCR for amplification of a single cell. 
  TempliPhi and GenomiPhi (GE Healthcare) and REPLI-g (Qiagen). 
  REPLI-g: fragments ~ 2 – 100 kb; usually > 10 kb on average. 



28 

  Lander-Waterman model predicts ~15x coverage needed for complete E. coli assembly. 

  Assumes uniform coverage; error-free reads; and no repeats in genome. 

  For our single cell E. coli assembly, 600x average coverage still has some gaps since 
there are positions with no reads. 
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A cutoff threshold will eliminate about 25% of valid data in the single cell 
case, whereas it eliminates noise in the normal multicell case.  
Chitsaz, et al., Nat. Biotechnol. (2011). 
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Chitsaz, et al., Nat. Biotechnol. (2011). 
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  Introduced by Pavel Pevzner in 1989 (based on DNA arrays) 
 P.A. Pevzner, J Biomol Struct Dyn (1989) 7:63–73. 
 R. Idury, M. Waterman, J Comput Biol (1995) 2:291–306. 

  Adapted to Sanger sequencing (EULER) and 2nd generation 
sequencing (EULER-SR). 

 P.A. Pevzner, H. Tang, & M.S. Waterman, PNAS (2001) 98(17):9748-9753.  
 P.A. Pevzner, H. Tang, H. & G. Tesler, Genome Res. (2004) 14:1786-1796. 
 M.J. Chaisson & P.A. Pevzner, Genome Res. (2008) 18:324-330. 

  Used in many other short-read assemblers. 
 Velvet: D.R. Zerbino, & E. Birney, Genome Res. (2008) 18:821-829. 
 ALLPATHS: Butler et al, Genome Res. (2008) 18(5):810-820. 
 ABySS: Simpson et al, Genome Res. (2009) 19:1117-1123. 
 SOAPdenovo: Li et al, Genome Res. (2010) 20(2): 265-272. 
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ABCDEFGHIJCDEFGKL	

Vertices: k-mers from the sequence 
Edges:    (k+1)-mers from the sequence 
k=3:        4-mer wxyz   gives    wxy → xyz 
Genome: Eulerian path through graph 
                (using edge multiplicities) 

ABC	 BCD	 CDE	 DEF	 EFG	 FGK	 GKL	

JCD	

IJC	

HIJ	
GHI	

FGH	

Genome: 

P. Pevzner, J Biomol Struct Dyn (1989) 7:63–73  
R. Idury, M. Waterman, J Comput Biol (1995) 2:291–306 
P. Pevzner, H. Tang, M. Waterman, PNAS (2001) 98(17):9748-53 

ABCD	
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ABCDEFG	
   DEFGHIJ	
      GHIJCDE	
        IJCDEFG	
          CDEFGKL	

Vertices: k-mers from the reads 
Edges:    (k+1)-mers from the reads 
k=3:        4-mer wxyz   gives    wxy → xyz 
Reads:     short paths through graph (red) 
Genome: long path through graph 

ABC	 BCD	 CDE	 DEF	 EFG	 FGK	 GKL	

JCD	

IJC	

HIJ	
GHI	

FGH	

Reads (but order would be 
random in real data): 

ABCD	
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ABCDE	 CDEFG	 EFGKL	

EFGHIJCDE	
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ABCD	 CDEFG	 FGKL	

FGHIJCD	
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Bulge from error in middle of read 

Tip from error near start/end of read 

Chimeric connection joining two 
distant parts of genome 

TCGGTGAAAGAGCTTT 
 CGCTGAAAGAGCTTTG 
  GGTGAAAGAGCTTTGA 
   GTGAAAGAGCTTTGAT 

TCGGTGAAAGAGCTTT 
 CGGTGAACGAGCTTTG 
  GGTGAAAGAGCTTTGA 
   GTGAAAGAGCTTTGAT 

TCGGTGAAAGAGCTTT 
 CGGTGAAAGAGCTTTG 
  ACATCGTAAGCTTTGC 
     TCGTAGTAGCCGATTC 
      CGTAGTAGCCGATTCG 



  We use local coverage, topology, and lengths to decide how to simplify 
the graph. 

  Smart scheduling: For bulges and chimeric connections, SPAdes 
examines all edges in order from lowest to highest coverage.   For tips, 
we go in order by length. 
This is inspired by, but improves upon, E+V-SC (Chitsaz et al, 2011), 
which used a gradually increasing threshold to discard low-coverage k-
mers. 

  Efficient bookkeeping allows us to map all reads to the final contigs 
using the actual logic of graph simplification, and produce an accurate 
SAM file placing reads onto contigs, instead of relying on external 
alignment tools to guess how the reads were mapped. 
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  Smaller values of k make the graph more connected but more tangled. 
  Larger values of k make the graph less tangled but less connected. 
  SPAdes combines multiple values of k to get the best of all worlds. 
  Also see IDBA (Peng et al., 2010). 
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2,3 

k=2 

k=3 
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Many repeats can be resolved using either 
single reads (bottom) or paired reads (top), 
but it depends on repeat length, read length, 
and insert size. 

Is the correct path between red reads short 
(passing through lower edge)   
or long  (passing through upper edge)? 



  Insert size varies in different read pairs. 
  The genomic distance between two edges can be estimated when 

they are linked by many read pairs. 
  Edges A & B could be separated by 72 bp, or by 72 + (13+72), 

etc.  A distance histogram (using nominal insert sizes) reveals the 
actual distances and lets us correct for insert size variation. 
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Paired DBG in SPAdes

SPAdes approach to distance estimation: choose distances
(from a finite set given by graph structure) by clustering
existing paired info.

Algorithmic Biology Lab, SPbAU SPAdes

A 

B 



 The paired de Bruijn graph generalizes de Bruijn graphs to paired reads. 
 Vertices are pairs of k-mers at a fixed distance (after adjusting for small 

variations in insert size). 
 Graph is much sparser than the normal de Bruijn graph, which helps 

resolve repeats. 
 SPAdes implements a generalization of this. 
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P. Medvedev, S. Pham, M. Chaisson, G. Tesler, P. Pevzner, 
J Comput Biol (2011) 18(11):1625-1634 
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Bankevich et al., J. Comp. Biol., 2012 
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Correctly assembled. 
Blue: similar boundaries in at 
least half of the assemblers. 

Misassembled. 
Orange: similar boundaries in at 
least half of the assemblers. 
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Chitsaz et al, Nat. Biotech. (2011) 29:915-921. 
Collaboration between UCSD, JCVI, Illumina. 
E+V-SC: EULER-SR error correction + we modified Velvet for single cell coverage issues 



Assembler # of 
contigs 

N50 
(bp) 

Length 
(bp) 

# Conserved 
single copy 

genes  

Velvet 1,856 11,531 3,921,396 55/111 
(46%) 

E+V-SC 823 30,293 4,282,110 75/111 
(67%) 
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N50 = the contig length at which longer contigs represent half of 
the total assembly length. 

Uncultivated bacteria from a seawater sample. 

Chitsaz, et al., Nat. Biotechnol. (2011) 
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Assembly size 4.3 Mb 
Estimated genome size 4.9-6.4 Mb 
# genes 3811 

Chitsaz, et al., Nat. Biotechnol. (2011) 
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# tRNA genes 20 out of 20 types 
# tRNA synthetases 17 of 21 types 
# rRNAs 1 each of 5S, 16S, 23S 
# conserved single copy genes 75 out of 111 (67%) 
# conserved single copy gene clusters 58 out of 66 (87%) 

  JCVI annotated assembly with their standard pipeline. 
  Comparison to other microbial genomes using metrics from 

  Nelson et al., Science (2010) 328: 994-999 
shows similar completeness to other draft microbial genomes 

Chitsaz, et al., Nat. Biotechnol. (2011) 
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Assembler N50 (bp) Length (bp) 
(contigs > 200 bp) 

# Long ORFs 
(> 600 bp) 

E+V-SC 30,293 4,255,983 2,377 

SPAdes 75,366 4,826,160 2,600 



  Human Microbiome Project 
(Ashlee Earl, Broad Institute) 

  Sequencing uncultivated bacteria representing gray matter of life 
(Roger Lasken, Venter Institute) 

  Sequencing pathogens  isolated from hospital environment  
(Jeff McLean, Venter Institute) 

  Sequencing antibiotics producing bacteria  
(Bill Gerwick, Scripps Institute of Oceanography) 

  Sequencing drug-resistant pathogens  
(Nik Schork, Scripps Translational Medicine) 
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